in abundance of populations through time.
Beyond a purely descriptive use, there have been other practical applications of TPL in ecology. For instance, measures of (t) have been used to improve sampling regimes for bioassessments (Monaghan, 2015; Xu, Kolding, & Cohen, 2016) . Reed and Hobbs (2004) and Pertoldi, Bach, and Loeschcke (2008) used modified forms of (t) to explore extinction risk in small-sized populations.
The residuals in temporal TPL have been proposed as a measure of stability in crop yields (Döring et al., 2015) , and similarly, the spatial heterogeneity of plants has also been described using residuals from spatial TPL regressions (Guan et al., 2016) .
The mechanism by which TPL emerges is, however, still heavily debated in the literature. Many theoretical models have been produced that seek to explain the emergence of TPL in ecological systems including those based on: density dependent (Perry, 1994) or independent, stochastic population growth (Anderson, Gordon, Crawley, & Hassell, 1982; Cohen, Xu, & Schuster, 2013) ; reproductive covariance (Ballantyne & Kerkhoff, 2007) ; dispersal distance (Shi, Sandhu, & Reddy, 2016) ; competition (Kilpatrick & Ives, 2003);  or population synchrony (Cohen & Saitoh, 2016; Reuman, Zhao, Sheppard, Reid, & Cohen, 2017) . Others argue that the ubiquity of TPL suggests less system specific causes such as data series length and sampling error (Kalyuzhny et al., 2014) or statistical artefacts of system configuration (Xiao, Locey, & White, 2015) . These theoretical models seek to explain TPL emergence with a typical exponent of 1 ≤ β ≤ 2, as this is the typical range observed in empirical studies; however, few offer widely applicable interpretations of variation in exponent values (but see Cohen et al., 2013 and Reuman et al., 2017) . Kilpatrick and Ives (2003) argued that the null expectation for (t) is a value of 2 due to the scaling between the mean and variance of random variables. Tokeshi (1995) illustrated graphically that, when estimating either (t) or (s), data will be constrained on the log-log plot between the hard upper bound of variance for a given mean that has a slope of 2 and a soft lower bound of variance given the mean, the Poisson distribution, with a slope of 1, matching empirical observation. However, estimates are known to vary outside of these limits (Taylor & Woiwod, 1982; Taylor, Woiwod, & Perry, 1980) and, theoretically, any exponent value is feasible (Cohen, 2014) . Xiao et al. (2015) highlight the fact that, while TPL is statistically inevitable, the exact form cannot be predicted on purely statistical grounds and therefore may still contain ecological information.
Empirical data suggest that TPL exponents do contain ecologically relevant information (Lagrue, Poulin, & Cohen, 2015; Taylor & Woiwod, 1982) ; however, this is particularly evidenced for fishes. A systematic reduction in (t) was found in fishes along gradients of increasing connectivity and size of reefs, implying that fish species experience greater temporal fluctuations in abundance on smaller, more isolated reefs, following known patterns of recruitment (Mellin, Huchery, Caley, Meekan, & Bradshaw, 2010) . Analysis of larval survey data from California revealed that the spatial heterogeneity of fish species, as measured by (s), varied with both life history, decreasing with more "K-selected" traits, and fishing pressure, increasing if the species was commercially targeted (Kuo, Mandal, Yamauchi, & Hsieh, 2016) . These studies suggest that both spatial and temporal TPL exponents, (t) and (s), could be considered as potential ecological metrics as they appear to be sensitive enough to track changes in temporal fluctuations and spatial patchiness of fish populations.
A key finding in both of the studies discussed above was the importance of body size when determining sources of variation in (t) and (s) between species. Mellin et al. (2010) found that the maximum length of a species explained 35% of the variation in (t) alone whereas Kuo et al. (2016) found a strong negative linear relationship between (s) and maximum body size, arguing that larger organisms are better able to buffer environmental stresses.
Fish communities and aquatic systems are notably size structured where the size spectrum, the power law distribution of body sizes when size is considered at the individual-level, is commonly employed as an ecological metric (Gómez-Cachong, Blanco, & Quiñones, 2013; Jennings et al., 2002; Trebilco, Baum, Salomon, & Dulvy, 2013) . Further, body size is, in general, a key biological trait affecting almost all aspects of individual ecology (Peters, 1983) . Cohen, Xu, and Schuster (2012) predicted that allometric scaling exists between body size and variance in abundance by combining TPL with estimates of population-level mean biomass. However, another approach would be to parameterise TPL exponents by grouping individuals into classes of body size, rather than taxonomic groups, as is done with size spectra. If, as Kuo et al. (2016) suggested, heterogeneity due to environmental stresses is dependent on individual size and because smaller individuals are almost always more abundant than larger individuals, calculating TPL exponents as a function of body size rather than species may be more sensitive to detecting environmentally driven changes in spatial patchiness and temporal fluctuations.
Using one of the most spatially dense, long-term fish survey datasets available, the North Sea International Bottom Trawl Survey (NS-IBTS; ICES, 2015), we employ (t) and (s) as ecological metrics of temporal fluctuations and spatial patchiness, respectively, as applied to fish communities. We derive (t) and (s) at the community level (e.g., Cohen, Lia, Coomes, & Allen, 2016; Grman, Lau, Schoolmaster, & Gross, 2010) , allowing us to determine spatially explicit values of (t) and temporally explicit values of (s). We then determine the sensitivity of (t) and (s) by quantifying extreme values and testing whether these values are randomly distributed in relation to the external environment. Specifically, we test the hypothesis that fish community (t) increases with proximity to hydrographic boundaries, where interannual environmental variability is higher due to the lack of a dominant hydrographic regime (van Leeuwen, Tett, Mills, & van der Molen, 2015) . We also test the hypothesis that, over time, the community (s) differs between two hydrographically distinct basins: the deep northern North Sea that is permanently stratified and the shallow southern North Sea that is seasonally well-mixed (Heessen, Daan, & Ellis, 2015; van Leeuwen et al., 2015) . Finally, we test the hypothesis that both (t) and (s) are more sensitive when individuals are considered by body size by comparing trends with hydrography in exponents derived from groups of individual length classes with those derived from groups by species.
| MATERIAL S AND ME THODS
The analytical workflow from survey data through to (t) and (s) calculations and hypothesis testing is summarised as a schematic in ences between rigging set-ups still remain (ICES, 2015) . Further, data were limited to quarter one only, when survey cruises typically occur from mid January to mid February, to exclude seasonal differences in abundance (ICES, 2015) . In total, the dataset used here contains over one million observations. All invertebrate records were removed and fish records of less than 60 mm in length were excluded due to inefficient sampling within the trawl gear (Daan, Gislason, Pope, & Rice, 2005) . Length classes for all species were consolidated into 10mm bins, taxonomic identifications were corrected following Heessen et al. (2015) and subareas with fewer than 10 years of sampling were removed.
In order to assign subareas to the deep, northern basin or the shallow, southern basin, average depth was taken as the mean depth using ETOPO1 1arc-minute global relief model with a resolution of 1,800 data points per subarea (Amante & Eakins, 2009 ). In the North Sea, the 50 m depth contour approximately demarcates the difference between deep, permanently stratified and shallow, seasonally well-mixed waters (Heessen et al., 2015) . Accordingly, subareas with average depth ≤ 50m
were assigned to the shallow basin whereas those with average depths >50m were assigned to the deep basin (see Figure 2a ).
| Mean-Variance Calculations (2)
We applied the following argument to calculate the mean and vari- Figure 1 ). Note that n s,p will be the same for all species within subarea s. As time-series length can influence temporal TPL parameters (Kalyuzhny et al., 2014) , we limited subareas to those with at least 30 years of sampling (n s,p ≥ 30). Further, species with fewer than 10 years of presence (i.e., <10 non zero abundance records) within a subarea were excluded so that transient species, which cause zero inflation of variance, were not included in the community TPL parameterisation. Years of absence for species within a subarea were then assigned an abundance value of zero. The temporal mean and variance of abundance were calculated using the same method for each length class in each subarea giving x(t) s,l and s 2 (t) s,l where n s,l = n s,p .
Spatial mean-variance pairs were calculated for each year across subareas within the deep and shallow basins separately for each species. Typically, zero data in spatial TPL analyses are excluded a priori; however, this causes selection bias in data where zero abundance can be valid, potentially influencing the estimates of α and β (Jørgensen et al., 2011) . Here, this was accounted for by constructing a feasible habitat area within each basin for each species/length class (blue-background subareas in abundance maps on the righthand side of Figure 1 ). This was done by taking the overlap of the subareas sampled within the basin during any 1 year and all the subareas that the species (or length class) had occurred in within that basin over the whole time period.
F I G U R E 1 Schematic diagram illustrating the progression from data acquisition to construction of maps and time series of Taylor's power law (TPL) exponents. Methodology is split into four sections that are described in greater detail in the text. 
| TPL parameterisation (3)
From Equation 1, it follows that the TPL exponent and coefficient can be estimated from the linear relationship of the logarithms using sample data:
where ε is the residual error, with the form of TPL estimated depending upon whether temporal or spatial mean-variance pairs are used.
For each subarea, we estimated the temporal TPL (left-hand side of Figure 1) , is approximately inversely proportional to the degrees of freedom used to estimate the means and variances (Jørgensen et al., 2011; Perry, 1981) To ensure that any observed trends were not an artefact of the statistical method used to parameterise TPL, we separately estimated all TPL exponents using the Siegel repeated medians method for linear regression (SRM, Siegel, 1982) , a method that is highly robust to the influence of outliers (breakdown point of 50%, ca. 0% for OLS). For a set of N points (X i ,Y i ), SRM estimates the slope of the
. Essentially, for each individual data point, this approach computes individual pairwise slopes with all other data points (excluding itself), from which the median is taken. The slope of the linear relationship is then taken to be the median of N median slopes. SRM makes no assumptions about the error distribution of the residuals and takes equal weighting for pairs of data points.
| Spatial and temporal trends with hydrography (4)
We explored spatial trends in the temporal TPL exponents (lefthand side of Figure 1 ) by first testing whether estimated ̂( t,p) s and ̂( t,l) s for each subarea had a value that was extreme compared to that expected at random given the data x s,t,p and x s,t,l , respectively. We employed the "feasible set" approach following Xiao et al. (2015) , constructing a distribution of random temporal TPL exponents for each subarea given the data, conducted separately for groups by species and by length class. To test for patterns with hydrography, the spatial distribution of ̂( t,p) s and̂(t,l) s was modelled as a linear function of their proximity to the nearest hydrographic boundary. Boundaries were taken as the subareas that contained: the 500 m depth contour separating the North Sea from the Atlantic drift current; the 55°45′N line running between Denmark and Sweden separating the North Sea from the Baltic Sea; a straight line between Dover, UK, and Calais, France, separating the North Sea from the English Channel and the 50 m depth contour from Oslofjord, Norway, to Scarborough, UK, which approximately demarcates the transition between the deep, permanently stratified waters and the shallow, seasonally well-mixed waters (Heessen et al., 2015; van Leeuwen et al., 2015) . Subareas were assigned a proximity category of either "on," "adjacent to" or "distant from," see Figure 2b .
For temporal trends in the spatial TPL exponents, we similarly tested for extreme values in ̂( s z ,p) t and̂(s z ,l) t using the feasible set approach. We generated ̂( s z ,p) 
F I G U R E 3
An example of ̂( t,l) s (temporal TPL by length class), visualised as the slope of the least squares log-log linear regression (solid red line) between the mean and variance in abundance through time for the subarea "37F7." Solid and dashed black lines show the hard upper bound and soft lower bound of variance given the mean following Tokeshi (1995) . Data points are coloured based on size. The smaller and larger size classes occupy the extremes of mean abundance and so are more influential in TPL parameter estimation; however, variance at low mean abundances (larger size classes) is heavily bounded which limits leverage. Note the base 10 logarithmic scale TA B L E 1 Summary statistics of each form of Taylor's power law (TPL) exponents calculated. Number of p/l is the number of meanvariance pairs used to calculate log-log linear regressions. Number of t/s is the number of observations used to estimate mean-variance pairs. The mean range in abundance is the orders of magnitude over which log-log linear regressions are estimated All analyses were conducted in R 3.3.2 (R Core Team, 2016), utilising the packages: "plyr" (Wickham, 2011) ; "data.table" (Dowle & Srinivasan, 2017) ; and "mblm" (Komsta, 2013) . Map production was done utilising the package "maps" (Brownrigg, Minka, & Deckmyn, 2017) .
| RE SULTS
Across all formulations, we calculated a total of 416 ̂' s, each being estimated using two separate regression methods. For the OLS method, for which p-values were calculated, all ̂' s showed a significant log-log linear relationship at the p = 0.05 level. A summary of the number of observations, r-squared values and orders of magnitude spanned by the regressions can be found in Table 1 . An example of the relationship between mean abundance, variance of abundance and body size used to calculate ̂( t,l) s is shown in Figure 3 (all individual TPL plots can be found in the Supporting Information Figures S4-S9 ). Figure S3 .
| Temporal TPL

Maps of ̂( t,p) s and̂(t,l)
| Spatial TPL
| D ISCUSS I ON
Ecosystems are both complex and dynamic, making it challenging to characterise and quantify responses in ecosystem structure to external conditions. Taylor's power law has been proposed as a metric describing the extent of aggregation of organisms within systems.
We empirically tested whether the aggregation of organisms by species and across size classes within a community, as measured by
Taylor's power law exponents, varied systematically in response to external environmental conditions. Using a long-term and spatially dense community dataset, we have shown that:
1. Within the North Sea fish community, TPL exponents largely fall between 1 < < 2, agreeing with previous empirical work.
2.
We found systematic differences in both spatial and temporal TPL exponents within the North Sea associated with regional hydrography and therefore the in situ environment, with high values of typically associated with more dynamic hydrographic conditions.
3.
Systematic relationships between TPL exponents and the external environment were only apparent when mean-variance pairs were calculated from body size rather than species-level data (Figures 4 and 6 ).
F I G U R E 4 Maps of ̂( t,p) s (left-hand side) and ̂( t,l) s (right-hand side) estimates
for the benthic fish community within 169 subareas across the North Sea. Subareas with exponent estimates either above or below the 95% confidence interval (CI), marked with black and white filled circles, respectively. Note that the colour scaling for the temporal TPL exponents is nonlinear and differs between the two maps Here, we infer that systematic variations in TPL exponents are related to the extent of variability (dynamism) in external hydrographic conditions and therefore capture ecological information, providing practical as well as theoretical applications of TPL.
For temporal TPL, we found higher exponents, implying relatively higher temporal variance in abundance at smaller body sizes, in more hydrographically dynamic areas. Notably, high estimates of (t) tracked the 50 m depth contour that separates the two basins within the North Sea, see Figure 3 , an area where a lack of a dominant hydrographic regime between years imparts higher interannual variability at these localities (van Leeuwen et al., 2015) . Variability within the environment is a key component of models that seek to explain the emergence of temporal TPL; for example, Saitoh and Cohen (2018) showed a strong positive linear relationship between modelled environmental variability and (t) in their simulations of vole populations. The results presented here provide empirical evidence that has previously been lacking for such a key relationship utilised in simulation modelling of TPL. While we have successfully
used TPL exponents to demonstrate differences in temporal fluctuations between subareas, identifying specific environmental drivers influencing these differences is much more difficult.
Of particular pertinence to the fish data examined here is the effect of fishing pressure on community structuring. It has long been known that fishing can amplify the magnitude of temporal fluctuations in fish stocks (Essington et al., 2015; Shelton & Mangel, 2011) and given that the North Sea has some of the highest fishing pressures in the world (Amoroso et al., 2018) , one might expect there to be a strong link between size-selective fishing pressure and temporal TPL. Although not explicitly tested for due to additional complexities in the available fishing effort data, we observe no obvious correlations between the spatial distribution in (t) and the distribution in fishing effort or gear type (Jennings et al., 1999) . Instead, we find that the distribution of abundance within size classes is more variable through time at locations at boundaries between areas of contrasting but dynamic environmental conditions. It is certainly possible that high fishing pressure across the North Sea enhances the effect of environmental dynamism on community abundances, but we do not have data to test this.
Recently, research on more specific sources of variability in (s) has focused on the spatial synchrony of populations, which is the degree to which abundances between geographically separate populations are correlated (Cohen & Saitoh, 2016; Reuman et al., 2017) . High spatial correlation results in a reduction in the expected variance for a given mean abundance, and therefore, increased spatial synchrony typically manifests as a reduction in the spatial TPL (Reuman et al., 2017) . Dispersal mechanisms can result in spatial synchrony; however, typically spatial synchrony can be attributed to spatially correlated environments, known as the Moran effect (Koenig & Liebhold, 2016; Moran, 1953) , which has been shown in reef fishes (Cheal, Delean, Sweatman, & Thompson, 2007) .
Our results showed, on average, a reduced (s) at the community level in the deep, permanently stratified basin compared to the shallow, seasonally well-mixed basin, which could be explained by a more spatially correlated environment in the deeper northern North Sea. However, the time series of (s) exhibited alternating periods of divergence and tight coupling between the two basins, suggesting greater complexity in the drivers of (s) than a static Moran effect.
Indeed, the reducing effects of spatial synchrony can be masked by other drivers of variability, as has been shown for chlorophyll-a data (Reuman et al., 2017) . Interestingly, recent theoretical work suggests that fishing pressures may in fact change the degree of spatial synchrony within harvested populations (Engen, Cao, & Saether, 2018) , and therefore, asymmetric fishing practices cannot be excluded as a potential driver of trends in (s). Fishing methods vary between the northern and southern basins in the North Sea (Jennings et al., 1999) , reflecting differences in water depth and community composition. We are unable to determine therefore whether the observed increased patchiness in the southern basin, inferred by a higher (s) time series, reflects spatial differences in hydrology, community composition, fishing effort or some combination of all three.
The observed patterns in (t) and (s) only held when communities were considered as consisting of individuals grouped into different classes of body size. The scaling of mean abundance with individual body size, known as the size spectrum (Kerr & Dickie, 2001 ), has long been considered an ecosystem metric. In particular, it is often used in reference to size-selective fishing, which causes a truncation in abundances of larger body sizes and a resultant increase in the magnitude of scaling exponent (e.g., Daan et al., 2005) .
By grouping individuals by body size, the resultant (t) and (s) estimates quantify the variability in the distribution of biomass by body size in the community (i.e., the size spectrum) either through time (2010) and Kuo et al. (2016) who showed the importance of body size in β(t) and β(s), respectively, at the species-level. Community TPL therefore provides complementary information to that of the biomass size spectrum regarding the variability of community structure in time and space. Our results suggest that external environmental drivers systematically influence ecosystem structural dynamics as coded by community TPL exponents.
We recognise that trawl sampling introduces systematic biases.
Notably, very small and very large body sizes are under-represented, which is important given that our results show size-associated trends. Similarly, different species also have different rates of catchability (ICES, 2015) . Nevertheless, a broadly consistent sampling approach was used throughout the survey series; therefore, data are comparable across time and space. To further reduce the potential for gear selection biases in the dataset, we excluded a priori very small body sizes (<60 mm) and extremely rare observations of species and body sizes. We chose the NS-IBTS dataset in order to maximise the signal-to-noise ratio when considering environmental correlates of TPL. The potential for recovering signal was increased by a dataset containing more than one million observations sampled using a relatively consistent methodology across known gradients of environmental conditions. Further, noise due to error in TPL estimates was reduced by sampling a relatively large range of body sizes, spanning up to two orders of magnitude by length from a total of 147 species, resulting in relatively well-constrained regression models.
F I G U R E 7
The relationship between individual body size, variance in abundance and a changing Taylor's power law (TPL) exponent, using subarea "37F7″ as an example (Figure 3 ). The estimated temporal TPL (black dashed line, = 1.94) plotted as a function of body size where the mean abundance at body size is described by the empirically estimated size spectrum (log 10 (Mean Abundance) = 16.7 − 6.27 × log 10 (Body Length), p < 0.001). Coloured lines illustrate the effect of changing (t), where the value of (t) is varied (holding all other terms constant) over the observed empirical range of (t) estimated across the North Sea (Figure 4 ). An increasing exponent results in a greater increase in variance at smaller body sizes. Raw body lengthvariance in abundance data are plotted as white circles. Note that the data show curvature, reflecting the curvature of the empirical size spectrum (coefficient of second order polynomial = −1.49, p < 0.001). However, variance data that are adjusted by the squared difference between raw mean abundance values and those estimated by the log-log linear size spectrum (grey circles) closely track the graph of the empirical estimate of TPL by body size. Note that the axes are on a logarithmic scale Body length (mm)
Variance in abundance β = 2.2 β = 2.1 β = 2.0 β = 1.9 β = 1.8
Variations in community structure in time and space are more than simply absolute changes in abundance either as a function of taxonomy or body size (Cohen, 2014) . Ecosystems are notably complex; however, current theoretical work is outpacing our ability to ground-truth predictions. Metrics that can empirically capture patterns of ecosystem structure beyond simple changes in abundance are therefore required in order to test ecological theory as well as monitor these important systems. We show that TPL exponents efficiently capture differences in the variance of abundance or biomass across size spectra (or taxonomic groups) in the North Sea fish community and that the differences can be related to ecological, environmental or anthropogenic drivers. Coupled with the versatility of how it can be estimated (across space, through time, at the species or community level etc.), we argue Taylor's power law is a promising candidate for the development of new ecosystem metrics.
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